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Abstract To identify different Xinjiang jujube varieties, a hyperspectral technique and machine learning algorithms
were employed to obtain and analyze the spectral data of Jinsi-jujube, Jun-jujube, and Tan-jujube. First, the original
spectra were preprocessed using various data preprocessing methods, including multiplicative scatter correction
(MSC), standard normal variate transformation (SNV), first-derivative (1-Der), and Savitzky-Golay (SG)
smoothing. The effects of the preprocessing methods on modeling were investigated. Then, the samples were
divided into calibration and prediction sets using sample set partitioning methods based on joint X-Y distance
(SPXY). The jujube variety identification models were established based on linear discriminant analysis (LDA), K-
nearest neighbor (KNN), and support vector machine (SVM) algorithms using the preprocessed full-band spectra.

The results demonstrate that 1-Der outperformed other preprocessing methods mentioned above. Next, the
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characteristic bands were extracted from the full-band spectra using principal component analysis (PCA), successive

projections algorithm (SPA), and competitive adaptive reweighted sampling (CARS). Then, the jujube variety

identification models were established based on the characteristic bands. The CARS-based models achieved the

highest accuracy in the models established based on several characteristic band extraction methods. Finally, taking

the SVM model as an example, the model runtime was compared. The time required by the SVM model based on

the characteristic bands was much shorter than the time required by the model based on the full-band spectra.
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Fig. 1 Schematic of hyperspectral system

3 OLiEEUE R AL B

3.1 REHEH AL E

G A v AL A B AR LB g 7 A 1Y Bl
HLIE P RS A h . X s 47 3040 3 AT Do 2D 5
THBREE 5 8 BT TC OIS B B IR A 1 &2
F e i o A RS AR ) T R M R R R
P o BRI XS B AT AL B 2R A T 2
HIAS AT D HRAE . AR 7 A 1 BE ML MR 7 2 DA
{14 Py B ST AN ) T AN [R]85 AR 52 36 43 3 R MSC
SNV . 1-Der Fl SG F- i i 11 4b B8 75 2 % S 568 o 3
BOHE HEAT TOAL B, I X6 25 SR AT A0 B LA DA BE Ok
A AR 0 AL B 5k we N MR T, 4R S A
W L
3.2 HHEKEBHIRE

i TR ) e T ROHE PR T 22 D B A A X SR i B
W H R A IR S A KB ITUARE B K
MRS RRAE D BRI IECA I OGS B 4
B R b Ak 2 0 TR G 14 I B, AT A — o R R b B
AR 2 B M2 PR FVECHE TC A% - U/ i A B0 72 1 Y
AN, ACAY HIR Bl PCALSPA I CARS iX = fh
FEAE B2 BTy 76 X6 R E U B i A7 £ B, I % 3 T I 8
FRAE I B N7 AR R AT 43 BT L3, 6 1 e U Y R
IE 0 Bt B B 1
3.3 HUEEE

ARSCRIH] SPXY R 43 5 5 4 FE A B2 400 43y %
IESERTI A Z J5 5T IE 4R A LDA KNN Al
SVM = Foh B i 2 91l 8 7 21 T o ol ) S8 A R 5 AR )R
TR BT S 7. ) S 0 A 7R Sk 0 0 4 B AR R AT 4500 L O
R A 45 ) v A 3 % AE R 1 i AT VA R B L DA
HE AR U0 T BSOH T A Ty 1 B S IR R Y T

XN

Q:]ixmo%, (D

A Q MR AY MR MERE R, D05 T AR R EEA
FR 52 PRI 5 T O 2% ol Fof 68 501) X A 1) B

4 ZER51HE

4.1 RIEHBER T E

TE G B SR B ol A L X g — 2 R R A TE
HOR A7 B R AR 3 YOt B s , O S E AR iz
FEAS (8 DG 1AL 5 XoF g A5 A %) BT A DG 385 il 2R OF- 1
{E - 53 I A5 3] 4 22 A 92 ACRIME A AR A1 7 B3
M, i 2 Ca) Fron. T A 28R 1 I 6 O 1%
(R ZIETE WAL BT 3 hb B i £ i 1& 2 (b) ff s . &
iF MSC.SNV . 1-Der Hil SG - #f J7 ik T &b B 19
WA 2(c) ~ (D PR, FE 400~1000 nm 3 £ i
FEL P 5 21 B RE AR 118 D' 3% 1 26 0 IR AR AH 481, TG 325 T 0
AT 4R L X Bl AT X 4, DR O O 7 e A
Xof L HEAT Y50
4.2 EFRIEFAENERESH

43590 5% FH 22 Rl B0t 1A B 5 1k o SR AR O i R
Ak B, I35 T D5 IR % R A B O 5 X 48 SPXY
Rl 7 0 A 7 A TE B R0 T 4 37 LDA CKNN GE £
k BN 4, BE B R A R F 0 2 BkOL B4 BB B
SVM (BEFEAR ] FH 4% bR B AE A 4% pRBRD 2048 i il %
IR, SRR SR R ANR 1~3 FiR .

M2 1~3 0] LA 356 F JE 46 % 3% T 2 57 19
LDA KNN Fl SVM 21 3 it B % il 455 74 (%) S 1 o
4351k 65.35% .82. 89 % Fll 95. 61 %6 5 78 JLFh Fii b £
Jrik BT 1-Der T 8 57 1 45 21 28 i B 45 51 A5 Y
1R ek T it 28 38 SR B e L 4 il A2 76. 3296 .100 2 i

1111002-3



iy
H
&
¥

1.0 1.0 1.0
(@ ®) ©
0.8 0.8 *E 0.8
2 = &
£ 06 £ 06 % 0.6
© k3] o
(<5} (<5} —
E 0.4 E’ 0.4 / 204
0.2 — Jinsi 02 —Jinsi | & — Jinsi
' —Jun : —Jun & 0.2 — Jun
0 —Tan 0 — Tan — Tan
400 600 800 1000 400 600 800 1000 %00 600 800 1000
A/mm A /mm A/mm
0.020 ] . 3 1.0
z 0015/ @ S 20s®
2 2 g 0.
£ 0010 2 g
e B 1 0.6
< 0.005 g <
—
§ 0 % o0 204
§ -0.005 —Jinsi | £ — Jinsi % 02
& -0.010 —Jun | E 1 —Jun &
— Tan 2 Tan 0
0014650 600 800 1000 400 600 800 1000 400 600 800 1000
A /mm A /mm A /mm

[ 2 ZDAEA BUAL AT JS OG0 063 5 (b JRLR 61 5 (o) MSC Ak BT 1956 5
(d) SNV T4k #5561 5 (o) 1-Der Ak BUS B96 1 5 (D SG - Bk B5 #6 3%
Fig. 2 Spectral profiles of Jujube samples before and after preprocess. (a) Average spectra; (b) original spectra;
(c) preprocessed spectra by MSC; (d) preprocessed spectra by SNV; (e) preprocessed spectra by 1-Der;
() preprocessed spectra by SG smoothing
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Table 1 Identification results of LDA model with different pretreatment methods

Number of misjudgment

Pretreatment method — — — Overall accuracy /%
Jinsi jujube Jun jujube Tan jujube
Original 37 22 20 65. 35
SG smoothing 37 22 20 65. 35
MSC 29 26 35 60.53
SNV 29 25 35 60. 96
1-Der 29 14 11 76.32

K2 T ORIFTIAL B5 R BT KINN ALY 1 5 05 45 2R

Table 2 Identification results of KNN model with different pretreatment methods

Number of misjudgment

Pretreatment method — — — Overall accuracy /%
Jinsi jujube Jun jujube Tan jujube
Original 18 16 5 82.89
SG Smoothing 18 16 5 82. 89
MSC 14 12 12 83.33
SNV 14 12 12 83.33
1-Der 0 0 0 100

F 3 FETORFWALEL F ik g SVM B ) % 51 25

Table 3 Identification results of SVM model with different pretreatment methods

Number of misjudgment

Pretreatment method — Overall accuracy /%
Jinsi jujube Jun jujube Tan jujube
Original 5 4 1 95.61
SG Smoothing 3 3 2 96. 49
MSC 2 4 2 96. 49
SNV 2 4 2 96. 49
1-Der 0 0 0 100
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Fig. 3 Extracting characteristic bands by PCA. (a) Scores of the first three principal components;

(b) variance contribution rate of the first ten principal components
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Table 4 Identification results of LDA model with different characteristic bands extraction methods

Characteristic bands Number of misjudgment
) — — — Overall accuracy /%
extraction method Jinsi jujube Jun jujube Tan jujube
FS 29 14 11 76.32
PCA 13 20 19 77.19
SPA 18 16 10 80. 70
CARS 15 12 6 85.53
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Table 5 Identification results of KNN model with different characteristic bands extraction methods

Characteristic bands Number of misjudgment
— — — Overall accuracy /%
extraction method Jinsi jujube Jun jujube Tan jujube
FS 0 0 0 100
PCA 10 10 9 87.28
SPA 9 11 6 88. 60
CARS 0 3 0 98. 68
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Table 6 Identification results of SVM model with different characteristic bands extraction methods

Characteristic bands Number of misjudgment
. — — Overall accuracy /%
extraction method Jinsi jujube Jun jujube Tan jujube
FS 0 0 0 100
PCA 8 10 7 89. 04
SPA 4 5 3 94,74
CARS 2 2 0 98. 25
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Table 7 Accuracy and runtime of SVM model based on different characteristic bands extraction methods

Characteristic bands extraction method

Number of characteristic bands

Accuracy /% Runtime /s

FS 1356
PCA 10
SPA 13

CARS 275

100 1. 497
89. 04 0.026
94.74 0.032
98. 25 0.167
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